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Background: Hepatocellular carcinoma (HCC) is the world’s second most deadly cancer, and metabolic reprogramming is its distinguishing feature. Among metabolite profiling, variation in amino acid metabolism supports tumor proliferation and metastasis to the most extent, yet a systematic study on the role of amino acid metabolism-related genes in HCC is still lacking. An effective amino acid metabolism-related prediction signature is urgently needed to assess the prognosis of HCC patients for individualized treatment.

Materials and Methods: RNA-seq data of HCC from the TCGA-LIHC and GSE14520 (GPL3921) datasets were defined as the training set and validation set, respectively. Amino acid metabolic genes were extracted from the Molecular Signature Database. Univariate Cox and LASSO regression analyses were performed to build a predictive risk signature. K-M curves, ROC curves, and univariate and multivariate Cox regression were conducted to evaluate the predictive value of this risk signature. Functional enrichment was analyzed by GSEA and CIBERSORTx software.

Results: A nine-gene amino acid metabolism-related risk signature including B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1 was constructed to predict the overall survival (OS) of HCC patients. Patients were separated into high-risk and low-risk groups based on risk scores and low-risk patients had lower risk scores and longer survival time. Univariate and multivariate Cox regression verified that this signature was an independent risk factor for HCC. ROC curves showed that this risk signature can effectively predict the 1-, 2-, 3- and 5-year survival times of patients with HCC. Additionally, prognostic nomograms were established based on the training set and validation set. These genes were closely correlated with the immune regulation.

Conclusion: Our study identified a nine-gene amino acid metabolism-related risk signature and built predictive nomograms for OS in HCC. These findings will help us to personalize the treatment of liver cancer patients.
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INTRODUCTION

A series of biochemical changes during cancer development can promote infinite tumor cell proliferation, activate tissue invasion and metastasis, and prevent tumor cell growth from being inhibited. Metabolic reprogramming is one of the most critical biochemical variations observed in cancer (Boroughs and DeBerardinis, 2015). Amino acids are essential nutrients and energy sources for tumor cells. Amino acids associate with the metabolism of glucose, lipids and nucleotides, which are crucial for tumor proliferation, invasion and metastasis (Li and Zhang, 2016; Vettore et al., 2020). Many cancers require exogenous supplementation with glutamine to maintain tumor cell proliferation, in a process called “glutamine dependence”(Lukey et al., 2017). Serine, glycine and threonine metabolism and the one-carbon unit product derived from these processes properly satisfy tumor cell proliferation and maintain the redox, genetic and epigenetic state (Locasale, 2013).

Increasing studies have supported that amino acid metabolic genes are vitally important in tumor development. Glutaminase 2 (GLS2) encodes glutaminase, which can induce tumor cells to resist ROS-related apoptosis and enhance drug resistance through p53 mediated transcription (Matés et al., 2020). Serine hydroxymethyltransferase 2 (SHMT2) can be induced by both c-Myc and HIF1α to enhance the ability to resist hypoxia-induced tumor cell death and promote the invasion of various cancers (Ye et al., 2014). Solute carrier family 7 member 8 (SLC7A8) is an important branched-chain amino acid (BCAA) transporter. SLC7A8 regulates the activation of glutamine-dependent mTOR and enhances the resistance of pancreatic cancer to gemcitabine, which promotes tumor proliferation and inhibits apoptosis (Feng et al., 2018).

Globally, liver cancer is the second most deadly tumor, with a 5-year survival rate of 18% (Villanueva, 2019). Hepatocellular carcinoma is the most common type of liver cancer, accounting for 90% (Forner et al., 2018). Current treatments such as surgical therapy, chemotherapy, and radiotherapy have significantly suppressed cancer proliferation and improved the survival of HCC patients. However, HCC displays a high degree of molecular heterogeneity among patients, at different locations within a patient, and even within a single tumor, which is closely correlated with the common occurrence of drug resistance and relapse after surgical resection and comprehensive treatment, consequently leading to a poor prognosis (Li and Wang, 2016; Xu et al., 2019). It is urgent that more effective biomarkers be identified to provide individual treatment for HCC patients. The liver is the central organ for amino acid metabolism and the importance of amino acid metabolism in HCC has been noticed in recent years. Aberrant amino acid and protein metabolism provided active biosynthesis support for HCC. For example, branched-chain amino acid (BCAA) metabolism disorders are common in HCC, such as upregulation of isoleucine and downregulation of glutamate (Di Poto et al., 2017). Moreover, an increasing proportion of BCAAs restrains the proliferation of HepG2 liver tumor cells and helps to recover liver functions and prevent early recrudescence after surgical resection (Tajiri and Shimizu, 2013). A recent study revealed that BCAA reduction is an independent risk factor for sarcopenia in the course of HCC recurrence, worsening the prognosis of HCC patients (Sano et al., 2021). Research on amino acid metabolism is of great significance for the prevention and treatment of HCC. HCC tumor cell can active immune reaction and provide appropriate tumor microenvironment for cancer development (Long et al., 2019). B and T cells played a vital role in the HCC tumor microenvironment. NK cell decreasing enrolled in HBV or HCV infection and promote the progression of liver cancer (Sun et al., 2015). However, whether amino acid metabolism-related genes are involved in immune regulation of HCC remains unclear. Moreover, effective amino acid metabolic genes to predict the overall survival (OS) of patients with HCC are still lacking.

In this study, we obtained HCC RNA sequencing data from the TCGA database and the GEO database, mined amino acid metabolism-related genes closely related to the OS of HCC patients, and then established an effective signature of amino acid metabolism-related biomarkers to extend the knowledge of molecular mechanisms and clinical prognosis of HCC.



MATERIALS AND METHODS


Data Collection

We downloaded the RNA-seq (HTseq-FPKM) data and clinical data of HCC from the TCGA database.1 The TCGA barcode was used to match different patients, and 370 HCC and 50 normal samples were selected as the training set. The clinical information included age, gender, histological grade, stage, TNM classification, survival time and survival status.

The GSE14520 (GPL3921) dataset was obtained from the GEO database, which contained gene expression and clinical data of HCC, paired non-tumor tissues, and healthy liver tissues analyzed by Affymetrix microarray profiling. Finally, 221 tumor samples were selected as the validation set. The clinical information included age, gender, main tumor size, number of tumors, TNM staging, BCLC staging and CLIP staging. Clinical data of the two cohorts are listed in Table 1.


TABLE 1. The clinicopathological characteristics of HCC patients in the training set and validation set.
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Screening Metabolism-Related Differentially Expressed Genes

We downloaded the KEGG gene sets (c2.cp.kegg.v7.0.symbols.gmt) from the Molecular Signature Database (MSigDB) and extracted genes in amino acid metabolism pathways to find amino acid metabolic genes from the training set. Next, the intersecting amino acid metabolic genes in the validation set and the training set were selected, and their expression was corrected by the “sva” package (R software version 4.0.2) for further differential analysis. The “limma” package was employed to obtain differentially expressed genes (DEGs) between normal liver tissues and HCC from the training set. FDR < 0.05 and | logFC| ≥ 0.5 were the criteria used to define DEGs.



Building and Validating the Amino Acid Metabolism-Related Prognostic Signature

To select genes significantly related to patient overall survival (OS) in the training set, a univariate Cox proportional hazard regression analysis was carried out. To ensure accurate results, patients with a survival time of less than 30 days were excluded. To prevent overfitting of the model, LASSO regression was carried out by “glmnet” R package. Genes with independent prognostic values were selected and the risk score formula was as follows:
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According to the median risk scores, HCC patients were divided into high-risk and low-risk groups in both the training set and the validation set. Univariate and multivariate Cox proportional hazard regression analyses of risk scores and clinicopathological items were conducted to validate the performance of the prognostic signature. We generated Kaplan-Meier(K-M) curves using the “survival” and “survminer” R packages. To evaluate the predictive performance of the risk score for the 1-, 3-, and 5- year survival of HCC patients, we plotted a time-dependent receiver operating characteristic (ROC) curve with the “timeROC” and “survival” R packages.



Establishing Predictive Nomograms

The results of the multivariate analysis were used to build nomograms for predicting 1-, 2-, 3-, and 5- year survival. The “rms” R package was employed to establish and visualize the results. The discrimination performance and predicting value of nomograms were assessed by Harrell’s C-index and calibration curve.



Functional Enrichment Analysis

Gene set enrichment analyses (GSEA) were analyzed according to the Molecular Signatures Database (MSigDB, version 7.2) to reveal the molecular mechanism of the prognostic gene signature. The “c2 KEGG gene set,” and “c5 all GO gene sets” were chosen for analysis. GSEA software (version 4.1.0) was employed and the parameters were as follows: number of permutations = 1,000, min size = 15 and max size = 500. Pathways with NOM p-value < 0.05 and FDR q-value < 0.25 were defined as significantly enriched. The results were visualized by the “ggplot2” R package. The infiltration scores of 22 immune cells in the training set and validation set were analyzed with the CIBERSORTx web tool. The algorithm was run using the LM22 signature matrix at 1,000 permutations.



Cell Culture and Treatment

The human hepatocyte LO2 cell line, human hepatoma HepG2 and Hep3B cell lines were obtained from the America Type Culture Collection (ATCC, Manassas, VA, United States). The cells were incubated at 37°C in a humid atmosphere containing 5% CO2. The cells were cultured in dulbecco’s modified eagle’s medium (DMEM) supplemented with 10% fetal bovine serum (FBS) (GIBCO-BRL, Thermo Fisher Scientific, Waltham, MA, United States). Cells were inoculated in 12-well plates and 6-well plates at densities of 1∗105/well and 2∗105/well, respectively.



Quantitative Real-Time PCR

Total RNA from the cells were extracted by RNA isolater Total RNA Extraction Reagent (Vazyme, Nanjing, China) and were used to synthesis cDNA by HiScript II Q RT SuperMix for qPCR (Vazyme, Nanjing, China). To measure the abundance of mRNA, the cDNA template, primers (Supplementary Table 1) and AceQ qPCR SYBR Green Master Mix (Vazyme, Nanjing, China) were mixed and run in a Light-Cycler 480 Software (Roche Diagnostics GmbH, Mannheim, Germany). Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an internal control. The 2–ΔΔCt method was used to calculate mRNA expression.



Western Blot Analyses

Total protein from the cells was extracted and concentrations were quantitated. Protein samples were mixed with 1 × SDS-polyacrylamide gel electrophoresis(SDS-PAGE) loading buffer and boiled for 10 min. Denatured proteins were separated by 10% polyacrylamide gels (EpiZyme, Shanghai, China). The separated proteins were transferred to polyvinylidene fluoride (PVDF) membranes (Millipore Corp., Billerica, MA, United States). The membranes were blocked with 8% non-fat milk prepared with TBST containing 0.1% Tween20 for 1 h, and incubated in the diluted specific antibodies (Supplementary Table 2) at 4°C overnight with gentle shaking, and the next day were incubated with the secondary antibody for 1 h. The immunoreactive bands were detected with enhanced chemiluminescence (ECL) kit (Vazyme, Nanjing, China) and quantified with ImageJ software (V1.8.0, National Institutes of Health).



Immunohistochemistry Analysis

A total of three pairs of HCC and paired adjacent tissues were obtained from three patients of Union Hospital, Tongji Medical College, Huazhong University of Science and Technology. This clinical trial is registered in the Chinese Clinical Trial Registry (ChiCTR2100049106). The histologic grades of all HCC tissues were identified by the pathology department. Liver tissues were fixed with 4% paraformaldehyde, embedded in paraffin and made into 4 μm slices. Slices were dewaxed and incubated with diluted specific primary antibodies at 4°C overnight (Supplementary Table 3) and were subsequently incubated with biotinylated secondary antibody (Proteintech, Wuhan, China) at room temperature for 1 h. DAB chromogenic reagent was used to detect positive staining, and each section was counterstained with hematoxylin. An optical microscope (Olympus, BX-51, Tokyo, Japan) was used to take 40 × immunohistochemical images. For semi-quantitative immunostaining analysis, 5 random fields per slice were used to calculate average optical density, and ImageJ software (V1.8.0, National Institutes of Health) was used for analysis.



Statistical Analysis

All statistical analyses were conducted by R software v4.0.2 and Graphpad Prism software v8.0.2. “Wilcox test” was used to compare gene expression and immune scores between different groups. Univariate Cox and LASSO regression analyses were adopted to identify the prognostic signature. The OS and recurrence-free survival (RFS) were analyzed by Kaplan-Meier analysis with a log-rank test. Gene expression at different stages was compared with one-way ANOVA. Immunohistochemical statistical analysis and gene and protein expression in different cells were analyzed by unpaired t-test. P < 0.05 was considered statistically significant.



RESULTS


Building a Nine-Gene Amino Acid Metabolism-Related Risk Signature

There were 393 amino acid metabolic genes in the training set, and 327 amino acid metabolism-related genes were obtained after intersecting with the validation set. Further differential expression analysis showed that there were 140 differentially expressed genes (DEGs) in the training set (82 upregulated and 58 downregulated, Supplementary Table 4). The heatmap and volcano plot of 140 DEGs are drawn in Figures 1A,B. Next, we adopted the univariate Cox proportional hazard regression analysis to identify mRNAs related to OS. The 41 genes with prognostic value (p < 0.01) in univariate Cox regression were further analyzed by LASSO regression (Supplementary Table 5 and Figures 1C–E). The model was constructed by using the “glmnet” and “survival” R packages. Finally, 9 amino acid metabolism-related genes were chosen to establish a prognostic model, including B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1. Detailed information on nine genes is listed in Table 2. The risk score formula was as follows: Risk score = (0.0068∗expressionB3GAT3) + (0.0123∗ expressionB4GALT2) + (0.0001∗expressionCYB5R3) + (0.0072∗ expressionGNPDA1)—(0.0006∗ expressionGOT2) + (0.0071∗ expressionHEXB)—(2.5286e-05∗ expressionHMGCS2) + (0.0181∗ expressionPLOD2) + (0.0601∗ expressionSEPHS1).


TABLE 2. Detail information of nine genes in the risk signature.
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FIGURE 1. Visualization of differential amino acid metabolism-related genes. (A) The heatmap of differential amino acid metabolism-related genes. (B) The volcano plot of differential amino acid metabolism-related genes. (C) The forest plot of univariate Cox regression of OS related amino acid metabolism-related genes. (D,E) LASSO regression analysis.




Validating the Amino Acid Metabolism-Related Risk Signature

According to the formula, we calculated the risk scores of patients in the training set and validation set. Then we separated patients into high-risk and low-risk groups according to the median risk score. The K-M curves showed worse OS in the high-risk group than in the low-risk group in both the training set and validation set (p = 1.437e−08, and p = 1.35e−02, respectively) (Figures 2A,B). In Figure 3, we plotted heatmaps of gene expression and displayed the impact of risk scores on risk ranking, survival time and survival status. The results verified that the signature had significant prognostic value for HCC patients. The independent prognostic analysis of the univariate and multivariate Cox proportional hazard regression also verified the effective prognostic value (Figure 4). Furthermore, ROC curves were drawn to assess the efficiency of risk scores in predicting 1-, 2-, 3-, and 5- year survival. In the training set, the AUCs for 1-, 2-, 3-, and 5- year survival was 0.813 (P < 0.001, 95%CI:0.748–0.878), 0.770 (P < 0.001, 95%CI:0.705–0.835), 0.744 (P < 0.001, 95%CI:0.6690.820) and 0.702 (P < 0.001, 95%CI:0.611–0.793), respectively. In the validation set, the AUCs for 1-, 2-, 3-, and 5- year survival was 0.643 (P = 0.013, 95%CI:0.530–0.757), 0.696 (P < 0.001, 95%CI:0.615–0.777), 0.686 (P < 0.001, 95%CI:0.606–0.765) and 0.634 (P = 0.027, 95%CI:0.515−0.752), respectively (Figures 2C,D).
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FIGURE 2. The K-M curves of high-risk and low-risk groups in the training set (A) and validation set (B). The ROC curves of risk signature’s predicting performance in 1-, 2-, 3-, and 5-year survival for HCC patients in the training set (C) and validation set (D).
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FIGURE 3. Characteristics of risk scores and heatmaps of the amino acid metabolism-related gene signature. (A) The risk score, survival time, and status of patients in the training set. (B) The risk score, survival time, and status of patients in the validation set.
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FIGURE 4. Univariate and multivariate Cox analysis to evaluate independent prognostic value of the risk signature. (A) Univariate Cox analysis in the training set. (B) Multivariate Cox analysis in the training set. (C) Univariate Cox analysis in the validation set. (D) Multivariate Cox analysis in the validation set.




Validating the Nine Genes in External Databases

We analyzed the expression of nine genes in twenty types of cancers in the Oncomine database. The thresholds were as follows: p-value = 1E-4, fold change = 2, gene rank = Top 10%, and data type = mRNA. Nine genes were altered in different cancers (Figure 5A). GOT2 and HMGCS2 were downregulated in HCC, while PLOD2 and SEPHS1 were upregulated in HCC. The HCCDB database curated 15 public HCC expression datasets, among which the HCCDB18 dataset contained RNA-seq of 212 tumor and 177 adjacent normal tissues obtained from the ICGC-LIR-JP cohort. As shown in Figure 5B, B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, and SEPHS1 were significantly upregulated in HCC samples, while GOT2 and HMGCS2 were downregulated.


[image: image]

FIGURE 5. The mRNA expression of the prognostic genes in HCC patients. (A) mRNA expression of the prognostic genes in 20 cancers from the Oncomine database. (B) mRNA expression of the prognostic genes between HCC and normal tissues in the HCCDB database.


We compared the protein expression encoded by the nine genes between HCC and normal liver tissues in the Human Protein Atlas (HPA) database. Consistent with the mRNA expression levels, GOT2 and HMGCS2 decreased in HCC tissues, and B4GALT2, CYB5R3, GNPDA1, HEXB, and SEPHS1 increased in HCC tissues. B3GAT3 and PLOD2 had no differential expression (Figure 6).
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FIGURE 6. Immunohistochemistry staining of the prognostic genes in HCC and normal liver tissues (the HPA database). Data are shown as mean ± SD, *p < 0.05, **p < 0.01, ***p < 0.001 vs normal liver tissues.


To verify the clinical performance of these nine genes, we discussed the relationship between mRNA levels and pathological stages according to the Gene Expression Profiling Interactive Analysis (GEPIA) database. GOT2 and HMGCS2 were gradually downregulated from stage I to stage IV, while B4GALT2, GNPDA1, PLOD2 and SEPHS1 were gradually upregulated from stage I to stage III (Figure 7A). We also explored the influence of each gene on OS and recurrence-free survival (RFS) of HCC patients. High expression of GOT2, HMGCS2 and low expression of B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, PLOD2, SEPHS1 correlated with favorable OS (Figure 7B). In addition, low expression of B3GAT3 and GNPDA1 and high expression of GOT2 correlated with favorable RFS (Figure 7C).
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FIGURE 7. The expression of prognostic genes in HCC and CHOL analyzed based on the GEPIA database. (A) The mRNA expression from stage I to stage IV in HCC patients. (B) The prognostic value of OS in HCC patients. (C) The prognostic value of RFS in HCC patients. (D) The mRNA expression in 9 normal liver tissues and 36 CHOL tissues.


Cholangiocarcinoma (CHOL) is the second most common subtype of liver cancer. To identify whether the prognostic signature is specific for HCC, we compared the expression of nine genes between CHOL and normal liver tissues based on the GEPIA database. B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, SEPHS1 were upregulated and GOT2 was downregulated in CHOL, which was consistent with expression in HCC (Figure 7D). However, PLOD2 and HMGCS2 had no difference between CHOL and normal liver tissues. These results may indicate that the risk signature is specific for HCC rather than other subtypes of liver cancer.



Creating Predictive Nomograms

Based on the final regression analysis, a nomogram was created that incorporated a 9-gene risk signature and clinicopathological parameters. In the training set, age, gender, grade, stage and risk score were chosen in the final model (Figure 8A). In the validation set, age, gender, main tumor size, multinodular status, TNM staging, BCLC staging, CLIP staging and risk score were chosen in the final model (Figure 8B). Both of the nomograms displayed good discrimination performance. The C-index were 0.786 (95%CI: 0.734–0.838) and 0.722 (95%CI: 0.665–0.779) in the training set and validation set, respectively. Besides, calibration plots showed that nomograms of both the training set and validation set had good agreements between the prediction and actual clinical survival outcomes (Figures 8C,D). A total score could be calculated to measure the 1-, 2-, 3-, and 5-year survival rates of HCC patients.
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FIGURE 8. Nomograms for predicting the OS of 1-, 2-, 3-, and 5-years in the training set (A) and validation set (B). Calibration plot of nomograms in the training set (C) and the validation set (D).




Functional Enrichment Analysis

We performed GSEA to clarify the enrichment pathways of the low-risk and high-risk groups in the training set. In the high-risk group, KEGG pathways were mainly enriched in the cell cycle, nucleotide metabolism, and immune-related pathways, including RIG-I like receptor signaling pathway, Toll-like receptor signaling pathway, and cytokine-cytokine receptor interaction. In the low-risk group, KEGG pathways mainly enriched in drug metabolism-cytochrome P450, amino acid metabolism and fatty acid metabolism (Figure 9A). In the high-risk group, biological processes were mostly enriched in the cell cycle, nuclear transport, P53 signaling, and diversification of immune molecules, and in the low-risk group, biological processes were mainly enriched in amino acid and fatty acid catabolic processes, toxin and drug metabolic processes (Figure 9B).
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FIGURE 9. Functional enrichment analysis of genes between high-risk and low-risk groups. (A) Result of GSEA analysis in the training set. (B) Result of GSEA analysis in the validation set. (C) Result of the infiltrating score of 22 immune cells in the training set. (D) Result of the infiltrating score of 22 immune cells in the validation set.


We subsequently explored the connection between the risk score and immune status. According to the CIBERSORTx database, we compared the infiltration scores of 22 immune cells in the low-risk group and the high-risk group. In the training set, the high-risk group had significantly higher infiltration of memory B cells, activated memory CD4+ T cells, T follicular helper (Tfh) cells, M0 macrophages, and neutrophils, while the low-risk group had significantly higher infiltration of naive B cells, resting memory CD4+ T cells, resting natural killer (NK) cells, activated NK cells, monocytes and activated mast cells (Figure 9C). In the validation set, the high-risk group had significantly higher scores of naive CD4+ T cells and M0 macrophages, and a lower score of Tfh cells (Figure 9D).



Validating the Nine Genes in Cells and Human Liver Tissues

We compared the mRNA levels of nine genes between the LO2 cell line and HCC cell lines (HepG2 and Hep3B) by qRT-PCR analysis. As shown in Figure 10A, expression of B3GAT3, CYB5R3, and PLOD2 were significantly higher in HepG2 cells than in LO2 cells, expression of B4GALT2 was significantly higher in Hep3B cells than in LO2 cells, and expression of GNPDA1, HEXB, SEPHS1 were significantly higher in both HepG2 and Hep3B cells compared with LO2 cells.
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FIGURE 10. The mRNA and protein expression of prognostic genes in LO2 cells, HepG2 cells and Hep3B cells. (A) The mRNA expression of nine genes analyzed by qRT-PCR. (B) The total protein expression of PLOD2, HEXB and HMGCS2 analyzed by western blot. Data are shown as mean ± SD, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, ****p < 0.0001 vs. LO2 cells.


Protein expression analyzed by western blot showed that PLOD2 was significantly upregulated in HepG2 and Hep3B cells compared with LO2 cells, HEXB was significantly upregulated in HepG2 cells compared with LO2 cells, and HMGCS2 was significantly downregulated in Hep3B cells compared with LO2 cells (Figure 10B). Besides, immunohistochemistry analysis revealed that B4GALT2, CYB5R3, HEXB, PLOD2, and SEPHS1 were significantly upregulated while GOT2 was significantly downregulated in HCC tissues compared with adjacent normal tissues (Figure 11).
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FIGURE 11. Representative images of immunohistochemistry staining of prognostic genes in HCC and adjacent normal tissues. Data are shown as mean ± SD, **p < 0.01, ***p < 0.001, ****p < 0.0001 vs adjacent normal tissues.




DISCUSSION

Metabolism has been revealed to be closely correlated with epigenetics in cancer in recent years (Vander and DeBerardinis, 2017; Thakur and Chen, 2019). Aberrant metabolism promotes tumor proliferation and metastasis. Many metabolism-related genes have proven to be effective prognostic biomarkers. HCC has active metabolic reprogramming and amino acid metabolism is an important metabolic variation. Several studies have explored the energy metabolism-related risk signatures of HCC through bioinformatic methods (Zou et al., 2019; Liu et al., 2020; Tang et al., 2020). However, there is still a lack of bioinformatic research on amino acid metabolism-related genes in HCC. In this study, for the first time, we analyzed the characteristics of amino acid metabolism-related genes in HCC and built a risk signature correlated with OS. First, we identified 140 amino acid metabolism-related DEGs between HCC and normal liver tissues based on RNA-seq data. Next, we built an effective prognostic signature based on univariate Cox and LASSO regression. Nine genes are contained in this signature (B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1).

Patients can be divided into high-risk and low-risk groups according to risk scores. K-M curves showed that low-risk patients had a longer survival time than high-risk patients. Furthermore, the ROC curve confirmed that the risk signature can effectively predict the 1-, 2-, 3-, and 5- year survival rates of HCC patients. Univariate and multivariate Cox analyses confirmed the independent prognostic value of the risk signature. Several studies in recent years have identified metabolism-related risk signatures for effectively predicting OS and have uncovered the importance of metabolism-related genes in the process of HCC development (Hu et al., 2020; Wu et al., 2021). Zhu’s study built a lipid metabolism-related prognostic signature and revealed that lipid metabolism-related genes are closely correlated with clinical characteristics, immune cells, and multiple biological functions of HCC (Zhu et al., 2021). However, this study did not build a predictive nomogram. Our study not only built the risk signature but also built nomograms based on the training set and validation set. Wu’s study (Wu et al., 2021) built a six-gene metabolism risk signature, which mainly focuses on nucleotide metabolism and lipid metabolism. However, our study mainly focuses on amino acid metabolism. Liu’s study built an amino acid metabolism-related prognostic signature of glioma and verified that risk scores closely correlated to different aspects of the malignancy of glioma (Liu et al., 2019). Consistently, our study verified the importance of energy metabolism disorders in HCC. We also emphasized that the amino acid metabolism-related genes played a vital role in the process of HCC development. Our study built a 9-gene signature that could effectively predict the OS of HCC patients in both the training set and validation set, and more importantly, it is a risk factor that is independent of clinicopathological factors.

Beta-1, 3-glucuronyltransferase 3 (B3GAT3) promotes the proliferation, metastasis and epithelial mesenchymal transition (EMT) process of the human HepG2 liver cancer cell line (Zhang Y. L. et al., 2019). Selenophosphate synthetase 1 (SEPHS1) promotes the expression of SMADs in liver cancer cells and stimulates the migration and invasion of tumors induced by TGF-β, which is negatively correlated with the OS and RFS of HCC patients (Yang et al., 2021). Glucosamine-6-phosphate deaminase 1 (GNPDA1) and procollagen-lysine (PLOD2) are upregulated in liver cancer and promote tumor proliferation and migration, which are correlated with poor prognosis (Du et al., 2017; Xia et al., 2021). Mutation of Beta-1, 4-galactosyltransferase 2 (B4GALT2) leads to abnormal glycosylation of proteins, promoting the development of colon cancer (Venkitachalam et al., 2016). Downregulation of glutamic-oxaloacetic transaminase 2 (GOT2) activates oxidative stress in human pancreatic ductal adenocarcinoma (PDAC) cells and inhibits the proliferation of pancreatic cancer (Yang et al., 2018). Downregulation of 3-hydroxy-3-methylglutaryl-CoA synthase 2 (HMGCS2) reduces ketone production, enhances the c-Myc/cyclinD1 and EMT signaling pathways, and inhibits caspase-dependent apoptosis pathways, which promotes tumor proliferation, migration and xenograft tumorigenesis in various cancers (Tang et al., 2017). The function of membrane-bound cytochrome b5 reductase 3 (CYB5R3) and hexosaminidase subunit beta (HEXB) on cancers is still unclear.

Combining several databases, our study found that the mRNA levels of B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, PLOD2, and SEPHS1 were increased in HCC tissues while mRNA levels of GOT2 and HMGCS2 were decreased in HCC tissues. In addition, the protein expression was consistent with the mRNA expression. Moreover, the expression of nine genes correlated with the prognosis of HCC patients. Interestingly, we noticed that PLOD2 and HMGCS2 had no difference between CHOL and normal liver tissues. These results may indicate that the risk signature is specific for HCC rather than other subtypes of liver cancer. We also verified the mRNA and protein expression of nine genes in HCC patient samples and cell lines, which showed consistent results with the public database mining results. In brief, our results verified the importance of B3GAT3, SEPHS1, PLOD2, and GNPDA1 in HCC development again. However, previous studies have lacked an exploration of B4GALT2, GOT2, and HMGCS2 changes in HCC. Our study disclosed the prognostic value of B4GALT2, GOT2, and HMGCS2 in HCC. CYB5R3 functions in drug metabolism, cholesterol biosynthesis, desaturation of fatty acids, and mitochondrial electron transport chain (ETC) activity (Fan et al., 2020). HEXB participates in catalyzing the degradation of the ganglioside GM2 (Kuil et al., 2019). No influence of two genes (CYB5R3 and HEXB) in cancers has been reported, but our study found that upregulation of CYB5R3 and HEXB was significantly linked to the poor prognosis of HCC patients. Next, we developed nomograms for predicting the 1-, 2-, 3-, and 5-year OS of HCC patients according to risk scores and clinicopathological characteristics.

We further performed pathway enrichment analysis. GSEA revealed that cell cycle regulation and synthesis of biological macromolecules were active in high-risk patients, which discloses the importance of amino acid metabolism-related genes in the energy metabolism process for tumor proliferation. Amino acid and fatty acid catabolic processes and toxin and drug metabolic processes were inhibited in high-risk patients, which indicates that amino acid metabolism-related genes may participate in tumorigenesis. We also noticed that immune response-related pathways were enriched. In our study, infiltration of memory B cells, activated memory CD4+ T cells, T follicular helper (Tfh) cells, and naive CD4+ T cells was upregulated while infiltration of naive B cells was downregulated in high-risk patients. It was reported that there was more B cells infiltration in HCC patients than in patients with cirrhosis and healthy people (Zhang et al., 2020). Upregulation of plasma cells and lower expression of naive B cells correlated with poorer prognosis (Zhang Z. et al., 2019). In addition, recent studies found that lower expression of CD8+ T cells can lead to immune dysfunction in HCC patients. Higher expression of Treg cells can interfere with cell cycle checkpoints and inhibit effector T cells, and promote the progression of HCC, which are factors related to poor prognosis of HCC. Consistently, our results revealed that changes in amino acid metabolism-related genes influence the ratio of different B and T cell subtypes, leading to an influence on prognosis. Our findings also show that high-risk patients have lower NK cell infiltration. It was reported that increased catabolism of Trp and Arg can induce apoptosis of NK cells, leading to tumor immune escape (Grohmann and Bronte, 2010). Therefore, abnormal expression of amino acid metabolism-related genes may promote immune escape by influencing NK cells in HCC proliferation. In addition, the proportion of neutrophils and M0 macrophages increased in high-risk patients in this study. Neutrophils influence tumor progression by releasing cytokines and chemokines with tumorigenic or antitumor functions (Haider et al., 2019). Zhou’s study also found that neutrophils can recruit macrophages and Treg cells to promote HCC proliferation and drug resistance (Zhou et al., 2016). It was found that M0 and M1 macrophages were significantly correlated with RFS in HBV-HCC and HCV-HCC (Hsiao et al., 2019). Combined with our results, abnormalities in amino acid metabolism-related genes may affect neutrophil function and the interaction between neutrophils and macrophages to promote HCC proliferation.



CONCLUSION

In conclusion, our study screens out amino acid metabolism-related genes which serve as potential prognostic biomarkers and builds a novel risk signature that is independently related to the overall survival of HCC. The findings provide an effective prediction of HCC prognosis and personalized therapy for liver cancer patients. The mechanisms related to amino acid metabolism-related genes and immune regulation during HCC development need further exploration.



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Medical Ethics Committee of Tongji Medical College of Huazhong University of Science and Technology. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



AUTHOR CONTRIBUTIONS

KX and JZ conceived and designed the study. YZ and SW performed the data analysis. YZ, JZ, and QJ wrote the manuscript. All authors read and approved the manuscript.



FUNDING

This study was supported by the National Natural Science Foundation of China (Nos. 81900520 and 81670515).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.731790/full#supplementary-material


FOOTNOTES

1
https://portal.gdc.cancer.gov/


REFERENCES

Boroughs, L. K., and DeBerardinis, R. J. (2015). Metabolic pathways promoting cancer cell survival and growth. Nat. Cell Biol. 17, 351–359. doi: 10.1038/ncb3124

Di Poto, C., Ferrarini, A., Zhao, Y., Varghese, R. S., Tu, C., Zuo, Y., et al. (2017). Metabolomic characterization of hepatocellular carcinoma in patients with liver cirrhosis for biomarker discovery. Cancer Epidemiol. Biomark. Prev. 26, 675–683. doi: 10.1158/1055-9965.EPI-16-0366

Du, H., Pang, M., Hou, X., Yuan, S., and Sun, L. (2017). PLOD2 in cancer research. Biomed. Pharmacother. 90, 670–676. doi: 10.1016/j.biopha.2017.04.023

Fan, J., Du, W., Kim-Muller, J. Y., Son, J., Kuo, T., Larrea, D., et al. (2020). Cyb5r3 links FoxO1-dependent mitochondrial dysfunction with β-cell failure. Mol. Metab. 34, 97–111. doi: 10.1016/j.molmet.2019.12.008

Feng, M., Xiong, G., Cao, Z., Yang, G., Zheng, S., Qiu, J., et al. (2018). LAT2 regulates glutamine-dependent mTOR activation to promote glycolysis and chemoresistance in pancreatic cancer. J. Exp. Clin. Cancer Res. 37:274. doi: 10.1186/s13046-018-0947-4

Forner, A., Reig, M., and Bruix, J. (2018). Hepatocellular carcinoma. Lancet 391, 1301–1314. doi: 10.1016/S0140-6736(18)30010-2

Grohmann, U., and Bronte, V. (2010). Control of immune response by amino acid metabolism. Immunol. Rev. 236, 243–264. doi: 10.1111/j.1600-065X.2010.00915.x

Haider, C., Hnat, J., Wagner, R., Huber, H., Timelthaler, G., Grubinger, M., et al. (2019). Transforming growth factor-β and axl induce CXCL5 and neutrophil recruitment in hepatocellular carcinoma. Hepatology 69, 222–236. doi: 10.1002/hep.30166

Hsiao, Y. W., Chiu, L. T., Chen, C. H., Shih, W. L., and Lu, T. P. (2019). Tumor-Infiltrating leukocyte composition and prognostic power in hepatitis B- and hepatitis C-Related hepatocellular carcinomas. Genes (Basel) 10:630. doi: 10.3390/genes10080630

Hu, B., Yang, X. B., and Sang, X. T. (2020). Construction of a lipid metabolism-related and immune-associated prognostic signature for hepatocellular carcinoma. Cancer Med. 9, 7646–7662. doi: 10.1002/cam4.3353

Kuil, L. E., López, M. A., Carreras, M. A., van den Bosch, J. C., van den Berg, P., van der Linde, H. C., et al. (2019). Hexb enzyme deficiency leads to lysosomal abnormalities in radial glia and microglia in zebrafish brain development. Glia 67, 1705–1718. doi: 10.1002/glia.23641

Li, L., and Wang, H. (2016). Heterogeneity of liver cancer and personalized therapy. Cancer Lett. 379, 191–197. doi: 10.1016/j.canlet.2015.07.018

Li, Z., and Zhang, H. (2016). Reprogramming of glucose, fatty acid and amino acid metabolism for cancer progression. Cell. Mol. Life Sci. 73, 377–392. doi: 10.1007/s00018-015-2070-4

Liu, G. M., Xie, W. X., Zhang, C. Y., and Xu, J. W. (2020). Identification of a four-gene metabolic signature predicting overall survival for hepatocellular carcinoma. J. Cell. Physiol. 235, 1624–1636. doi: 10.1002/jcp.29081

Liu, Y. Q., Chai, R. C., Wang, Y. Z., Wang, Z., Liu, X., Wu, F., et al. (2019). Amino acid metabolism-related gene expression-based risk signature can better predict overall survival for glioma. Cancer Sci. 110, 321–333. doi: 10.1111/cas.13878

Locasale, J. W. (2013). Serine, glycine and one-carbon units: cancer metabolism in full circle. Nat. Rev. Cancer 13, 572–583. doi: 10.1038/nrc3557

Long, J., Wang, A., Bai, Y., Lin, J., Yang, X., Wang, D., et al. (2019). Development and validation of a TP53-associated immune prognostic model for hepatocellular carcinoma. EBioMedicine 42, 363–374. doi: 10.1016/j.ebiom.2019.03.022

Lukey, M. J., Katt, W. P., and Cerione, R. A. (2017). Targeting amino acid metabolism for cancer therapy. Drug Discov. Today 22, 796–804. doi: 10.1016/j.drudis.2016.12.003

Matés, J. M., Campos-Sandoval, J. A., de Los, S. J., and Márquez, J. (2020). Glutaminases regulate glutathione and oxidative stress in cancer. Arch. Toxicol. 94, 2603–2623. doi: 10.1007/s00204-020-02838-8

Sano, A., Tsuge, S., Kakazu, E., Iwata, T., Ninomiya, M., Tsuruoka, M., et al. (2021). Plasma free amino acids are associated with sarcopenia in the course of hepatocellular carcinoma recurrence. Nutrition 84:111007. doi: 10.1016/j.nut.2020.111007

Sun, C., Sun, H. Y., Xiao, W. H., Zhang, C., and Tian, Z. G. (2015). Natural killer cell dysfunction in hepatocellular carcinoma and NK cell-based immunotherapy. Acta Pharmacol. Sin. 36, 1191–1199. doi: 10.1038/aps.2015.41

Tajiri, K., and Shimizu, Y. (2013). Branched-chain amino acids in liver diseases. World J. Gastroenterol. 19, 7620–7629. doi: 10.3748/wjg.v19.i43.7620

Tang, C., Ma, J., Liu, X., and Liu, Z. (2020). Identification of a prognostic signature of nine metabolism-related genes for hepatocellular carcinoma. PeerJ 8:e9774. doi: 10.7717/peerj.9774

Tang, H., Wu, Y., Qin, Y., Wang, H., Jia, Y., Yang, S., et al. (2017). Predictive significance of HMGCS2 for prognosis in resected Chinese esophageal squamous cell carcinoma patients. Onco Targets Ther. 10, 2553–2560. doi: 10.2147/OTT.S132543

Thakur, C., and Chen, F. (2019). Connections between metabolism and epigenetics in cancers. Semin. Cancer Biol. 57, 52–58. doi: 10.1016/j.semcancer.2019.06.006

Vander, H. M., and DeBerardinis, R. J. (2017). Understanding the intersections between metabolism and cancer biology. Cell 168, 657–669. doi: 10.1016/j.cell.2016.12.039

Venkitachalam, S., Revoredo, L., Varadan, V., Fecteau, R. E., Ravi, L., Lutterbaugh, J., et al. (2016). Biochemical and functional characterization of glycosylation-associated mutational landscapes in colon cancer. Sci. Rep. 6:23642. doi: 10.1038/srep23642

Vettore, L., Westbrook, R. L., and Tennant, D. A. (2020). New aspects of amino acid metabolism in cancer. Br. J. Cancer 122, 150–156. doi: 10.1038/s41416-019-0620-5

Villanueva, A. (2019). Hepatocellular carcinoma. N. Engl. J. Med. 380, 1450–1462. doi: 10.1056/NEJMra1713263

Wu, X., Lan, T., Li, M., Liu, J., Wu, X., Shen, S., et al. (2021). Six metabolism related mRNAs predict the prognosis of patients with hepatocellular carcinoma. Front. Mol. Biosci. 8:621232. doi: 10.3389/fmolb.2021.621232

Xia, R., Tang, H., Shen, J., Xu, S., Liang, Y., Zhang, Y., et al. (2021). Prognostic value of a novel glycolysis-related gene expression signature for gastrointestinal cancer in the Asian population. Cancer Cell Int. 21:154. doi: 10.1186/s12935-021-01857-4

Xu, L. X., He, M. H., Dai, Z. H., Yu, J., Wang, J. G., Li, X. C., et al. (2019). Genomic and transcriptional heterogeneity of multifocal hepatocellular carcinoma. Ann. Oncol. 30, 990–997. doi: 10.1093/annonc/mdz103

Yang, S., Hwang, S., Kim, M., Seo, S. B., Lee, J. H., and Jeong, S. M. (2018). Mitochondrial glutamine metabolism via GOT2 supports pancreatic cancer growth through senescence inhibition. Cell Death Dis. 9:55. doi: 10.1038/s41419-017-0089-1

Yang, S., Zhang, H., Yang, H., Zhang, J., Wang, J., Luo, T., et al. (2021). SEPHS1 promotes SMAD2/3/4 expression and hepatocellular carcinoma cells invasion. Exp. Hematol. Oncol. 10:17. doi: 10.1186/s40164-021-00212-7

Ye, J., Fan, J., Venneti, S., Wan, Y. W., Pawel, B. R., Zhang, J., et al. (2014). Serine catabolism regulates mitochondrial redox control during hypoxia. Cancer Discov. 4, 1406–1417. doi: 10.1158/2159-8290.CD-14-0250

Zhang, S., Liu, Z., Wu, D., Chen, L., and Xie, L. (2020). Single-Cell RNA-Seq analysis reveals microenvironmental infiltration of plasma cells and hepatocytic prognostic markers in HCC with cirrhosis. Front. Oncol. 10:596318. doi: 10.3389/fonc.2020.596318

Zhang, Y. L., Ding, C., and Sun, L. (2019). High expression B3GAT3 is related with poor prognosis of liver cancer. Open Med. (Wars) 14, 251–258. doi: 10.1515/med-2019-0020

Zhang, Z., Ma, L., Goswami, S., Ma, J., Zheng, B., Duan, M., et al. (2019). Landscape of infiltrating B cells and their clinical significance in human hepatocellular carcinoma. Oncoimmunology 8:e1571388. doi: 10.1080/2162402X.2019.1571388

Zhou, S. L., Zhou, Z. J., Hu, Z. Q., Huang, X. W., Wang, Z., Chen, E. B., et al. (2016). Tumor-Associated neutrophils recruit macrophages and T-Regulatory cells to promote progression of hepatocellular carcinoma and resistance to sorafenib. Gastroenterology 150, 1646–1658. doi: 10.1053/j.gastro.2016.02.040

Zhu, P., Li, F. F., Zeng, J., Tang, D. G., Chen, W. B., and Guo, C. C. (2021). Integrative analysis of the characteristics of lipid metabolism-related genes as prognostic prediction markers for hepatocellular carcinoma. Eur. Rev. Med. Pharmacol. Sci. 25, 116–126. doi: 10.26355/eurrev_202101_24355

Zou, R. C., Xiao, S. F., Shi, Z. T., Ke, Y., Tang, H. R., Wu, T. G., et al. (2019). Identification of metabolism-associated pathways and genes involved in male and female liver cancer patients. J. Theor. Biol. 480, 218–228. doi: 10.1016/j.jtbi.2019.08.011


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Zhao, Zhang, Wang, Jiang and Xu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fcell-09-731790-g004.jpg
A pvalue

Hazard ratio

age 0.678 0.996(0.978-1.015)
gender 0.296 0.770(0.471-1.257)
grade 0.892 1.023(0.739-1.415)
stage <0.001 2.077(1.599-2.696)
T <0.001 1.990(1.564-2.532)
M 0.014 4.294(1.342-13.742)
N 0.261 2.246(0.547-9.219)
riskScore <0.001 5.103(3.331-7.817)
c .
pvalue Hazard ratio
gender 0.150 1.708(0.824-3.541)
age 0.321 0.990(0.971-1.010)

main tumor size 0.002
multinodular  0.058
cirrhosis 0.032
TNM staging <0.001
BCLC staging <0.001
CLIP staging <0.001

riskScore <0.001

2.002(1.300-3.083)
1.591(0.984-2.572)
4.651(1.143-18.916)
2.280(1.719-3.024)
2.167(1.710-2.744)
1.904(1.540-2.354)

3.554(1.780~7.094)

I
I
I
[
I
]
I
' b
I
! b
I
1 it
I
Hl—l {
, —e—

I I [ I I I I
0O 2 4 6 8 10 12
Hazard ratio

|

I

I

]

I

I+ 4

I

lll-!

[ .

| =

:I-l-l

:m

|

|-

! ——
l I I |
0 5 10 15

Hazard ratio

B pvalue
age 0.214
gender 0.630
grade 0.583
stage 0.458
T 0.043
M 0.470
N 0.684
riskScore  <0.001

D

pvalue
gender 0.373
age 0.712

main tumor size 0.095

multinodular <0.001
cirrhosis 0.094
TNM staging 0.004

BCLC staging 0.003
CLIP staging  0.007

riskScore 0.002

Hazard ratio
1.014(0.992-1.035)
1.150(0.651-2.034)
1.106(0.771-1.586)
0.683(0.250-1.868)
2.464(1.027-5.914)

1.646(0.426-6.366)

1.536(0.195-12.098)

5.290(3.065-9.132)

Hazard ratio
1.406(0.664-2.979)
0.996(0.975-1.018)
0.611(0.343-1.089)
0.278(0.145-0.532)

3.374(0.813-14.008)
1.770(1.194-2.624)
1.764(1.220-2.550)
1.494(1.115-2.002)

3.159(1.503-6.637)

[ T T T T T
0 2 4 6 8 10 12
Hazard ratio
|
|
|
#
]
| 4
|
.l
|
u — |
l| - 1
:|-—|
:l-l-l
D —
| I | | | I I |
0 2 4 6 8 10 12 14

Hazard ratio





OPS/images/fcell-09-731790-e001.jpg
Risk score = (Coefficient mRNA1 X expression of mRNAT)

+ (Coefficient mRNA2 xexpression of mRNA2)

+ (Coefficient mRNAn x expression mRNAn)





OPS/images/fcell-09-731790-g005.jpg
A B ® HCC @ Adjacent

\M I ]
Cancer | Cancer | Cancer | Cancer | Cancer | Cancer | Cancer | Cancer | Cancer B3IGAT3 + i e - 2 p-4-4:970e-306
VS. VS. VS. Vs, A VS, VS, VS. Vs, . e .

. Normal Normal Normal Normal Normal Normal Normal Normal | Normal @ HCC @ Adiscent

Analysis Type by Cancer 5 - — — . . .
. . sm e “h‘“ Tt Se e - - s 4 " -

B3GAT3 | B4GALT2 | CYBSR3 | GNPDAL | GOT2 HEXB | HMGCS2 | PLOD2 | SEPHS1 BAGALT? + 2 _ 2 pq:'2_] 30e-14

Bladder Cancer 1! @ HCC @ Adjacent
Brain and CNS Cancer [ ' ' - ‘\'_.____I —— ' ‘
Breast Cancer 1 CYB5SR3 4 2 _ 2 4 p=4.?103-183

Cervical Cancer 1 @ HC @ Adjacent
Colorectal Cancer r T _‘__.\- T v )
Esophageal Cancer -l | 2 GNPDA1 . Tt '---\1? 2 - i Emaate p=2>'610e-408

Gastric Cancer 2 SEER e e
Head and Neck Cancer : . o . BLC .. Ad}‘ﬂl‘m - - ‘
L ~—— —
Kidney Cancer 1 G‘OT2 L L w5l Lxe - CE "'P=1‘.9%03-163
Leukemia - 4

® HCC @ Adjacent

Liver Cancer I
lm* f T .- T T 1
: s HEXB .- % ~\i\j\\- ©, - p=2.580e-43,

Lymphoma
Melanoma -_— 1 ® HCC @ Adjaceﬁt
Myeloma 1
Other Cancer HMGCSQ. J L |
Ovarian Cancer 1
Pancreatic Cancer , po— i‘: e ' '
Prostate Cancer PLOD?2 L ¢ kb wwa ---.\1‘_.‘ =~ Y ‘p=01624
Sarcoma 1 5 10 10 5 1 e TR . -
Significant Unique Analyses| | 5 3 [ 4 2 |1 2|34 3|11 o915 6|3 32|49 7|81 7 .‘._' l;l Ooom ' ‘ _® HC @ Adiscent | ' |
Total Unique Analyses 411 387 310 347 347 354 344 350 355 SEPHS1 -2--_\L \2*—“‘“'7"" = p=T7.540e-44,

———

Scaled expression





OPS/images/fcell-09-731790-g002.jpg
>

Survival probability

Sensitivity

Risk =k High risk == Low risk
1.00 4
0.754
0.50-
0.251
p=1.437e-08
0.00 -
o 1 2 3 4 5 6 7 8 9 10
Time(years)
Highrisk1 171 106 46 30 20 12 10 4 4 2 1
Lowrisk41 172 148 80 59 43 28 15 4 2 1 0
0 1 2 3 = 5 6 F i 8 2] 10
Time(years)
S 4
@ |
o
Qo
o
T
o
~ —— 1-year AUC:0.813
O I’
—— 2-year AUC:0.770
—— 3-year AUC:0.744
& 5-year AUC:0.702
o .-
| I | I | I
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

Survival probability

Risk

Risk == High risk == Low risk
1.00 1
0.751
0.50-
0.251
p=1.35e-02
0.00 -
0 1 2 3 4 5
Time(years)
High risk{ 173 141 111 97 85 25
Low risk{ 48 44 42 38 36 i
0 1 2 . 4 L
Time(years)
o |
© _|
o
© _
o
%
o
o~ — 1-year AUC:0.643
o ’.’
—— 2-year AUC:0.696|
' —— 3-year AUC:0.686
o 5-year AUC:0.634
c .-
| | | | | |
0.0 0.2 0.4 06 0.8 1.0
1-Specificity





OPS/images/fcell-09-731790-g003.jpg
= High risk

S High risk
_| ® low Risk

® |ow Risk

1.5

Risk score >
25

1.5

Risk score w

T | | I I I I | T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200

Patients (increasing risk socre) Patients (increasing risk socre)

. - Y e %o 0 o o * o " e & ° °
BT ° 5 2 o - Q@ . . o o S e Te © ° & B
§ ojoh= 2 <« Jeai LU R K T N T P L
> e Alive ° $ > ive : o .
?® © - » » ot ® o0 e T i . 2 ' o » &
= @ .o w > el ol ?I ] g il » ' °
3 Y] e . W esd ) - e ™ o T N - . e
2z e e® o -; [ A T ook o 2 g - L ® ®
£ o - (X LN/ e @ o O - - “ .
5 W ae ke, eI, .85..‘.-.. WAL I T A a B . o " a ...
o - o
T T T T T T T T T T 1 T T
0 50 100 150 200 250 300 350 0 50 100 150 200
Patients (increasing risk socre) Patients (increasing risk socre)
10 type
|7 high
8 low
6
4
2






OPS/images/fcell-09-731790-g008.jpg
A

v U 20 30 au 50 60 0 U 90 100
Polnts L L 1 1 L L 1 L L L J
age
15 30 45 60 75
1
gender —
0
2 4
grade —_—
1 3
G2 G4
stage ; . 5 i
G1 G3
riskScore : - - - - ; - : - : - - .
04 0.6 0.8 1 1.2 14 16 18 2 22 24 26 28
Total Points r - T a T T T T ,
20 40 60 80 100 120 140 160
1-year survival r T T T 1
0.8 0.8 06 04 02
2-year survival r T T T T !
0.9 0.8 06 0.4 02 0.05
3-year survival " . T T T |
0.9 0.8 0.6 04 0.2 0.05
5-year survival ' : : T v .
0.9 0.8 0.6 04 0.2 0.05
o | T T e B i ) v ) | |‘ | o | T TT |l R llllll||||| |
) /i i / I:
S / B
o
"§' ) E. ® / 1
o _|
g 2 g /
1 %
N
S~ S 2
@ (=] r - S
£ $
s o &
2 o] g
< ; < = |
o
w |
o
e | &
o T T T T T T T T - T T
0.65 0.70 0.75 0.80 0.85 0.80 0.95 0.5 06 0.7 08 0.9
D Nomogram-Predicted Probability of 1-Year OS Nomogram-Predicted Probability of 2-Year 0S
e | LI | |||||||| ] o | T |‘I|IIIIIIII|III|I||
- ® e / o
5§ © 7 § <« |
= - o
5] 5
& g
s s
B ® @
0 & 7] o
& 5§ @
a ;i
E o
< <
p. 8
o
c 4
I 1 1 1 ] 1 I 1 | 1 1 1
0.65 0.70 0.75 0.80 0.85 0.90 0.95 04 0.5 06 0.7 0.8 0.9

Nomogram-Predicted Probability of 1-Year OS

Nomogram—-Predicted Probability of 2-Year OS

Actual 3-Year OS(proportion)

Actual 3-Year US(proportion)

] 1 20 30 40 50 60 n 80 9 100
Points L 1 1 " L 1 1 1 1 L 1 1
age
80 60 40 20 !
gender i
main_tumor_size ? 1 0
. 1
multinodular r 3 :
; y 1
cirrhosis r 5 -
TNM_staging ? 1' ] 3
BCLC.staging ! 1 : - - .
CLIP _staging g : : E . :
: 0 2 4
riskScore r T T T T T T T T T 1
Total Points 04 06 0.8 1 12 14 16 18 2 22 24
1-year survival 0 50 100 150 200 250 300 350 400 450
2-year survival 0.99 09 08 06 04 02 005
v 0.9 0.8 06 04 02 005
3-year survival T T T T 1
5-year survival =i SR80 W0
09 0.8 06 04 02 005
(=] T T T L LELI LB | UL [ | ||'|||l¥|I S— o " ' Ry AR ”‘lll S ””']'l”']””l J
ol , / :5: o i
o -
/ 5 /
o o J_
/ g
= ; 2 51 /
l)E *
- ? 2
o
2
S S 1
T T T
04 05 086 07 0.8 09 : ' : ' ; ;
03 0.4 05 06 0.7 08
Norogram-Predicted Probability of 3-Year OS
Nomogram~-Predicted Probability of 5-Year OS
T L O B | Ir‘ LI |I\l||| | \|||I ||\Il'l| m i e T T TV T r IIYII'T]I lIvl[lil[] E” TTT 117
(=]
o il % g h B oy
s g o
/ g2 5
g P l
g8 o
: - g [
ig -
el
3 il
. 5 | /
o <
o~ J. o
& I I I I 1 I I = I | I 1 1
03 04 05 06 07 08 09 02 03 04 05 06 07 08

Nomogram-Predicted Probability of 3-Year OS

Nomogram-Predicted Probability of 5-Year OS





OPS/images/fcell-09-731790-g009.jpg
Enrichment Score

o KEGG CELL_CYCLE © GO _BENZENE_CONTAINING_COMPOUND_METABOLIC_PROCESS
KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION L e GO _CELL CYCLE G1_S_PHASE_TRANSITION
e KEGG DRUG_METABOLISM_CYTOCHROME_P450 o ® GO_CELLULAR_AMINO_ACID_CATABOLIC_PROCESS
o KEGG_FATTY_ACID_METABOLISM (§ o GO_DRUG_METABOLIC_PROCESS
o KEGG_GLYCINE_SERINE_AND_THREONINE_METABOLISM g 0.0 o GO_FATTY_ACID_CATABOLIC_PROCESS
© KEGG_METABOLISM_OF_XENOBIOTICS_BY_CYTOCHROME P450 £ “. - © GO_MONOCARBOXYLIC_ACID_CATABOLIC_PROCESS
5} <)
o KEGG_PURINE_METABOLISM = 8 .. Se © GO_NUCLEAR_TRANSPORT
o KEGG_RIG_|_LIKE_RECEPTOR_SIGNALING_PATHWAY - - G’,’ © GO_SIGNAL_TRANSDUCTION_BY_P53 CLASS_MEDIATOR
=] ]
® o KEGG_TOLL_LIKE_RECEPTOR_SIGNALING_PATHWAY A "o‘ © GO_SOMATIC_DIVERSIFICATION_OF _IMMUNE_RECEPTORS
o KEGG_TRYPTOPHAN_METABOLISM © GO_SOMATIC_DIVERSIFICATION_OF_IMMUNOGLOBULINS
-08 ° .y 2
| 1 TRIE | | |
Ty T 1 ‘ 0 g 1 ARL g
| NI \ | | [t 1]
Mlll.llllylllg ke AN GOV R T IO L Mlllllllllllllwll ey ) nirnm u* !'|
Hlighriskesssmmmm—am—— >Low risk HIgh Nsks=rmrm—ims—— >Low risk
0.8+ 0.8-
subtype B8 high-risk ™8 |ow-risk subtype EEB high-risk ®88 low-risk
0_6. * *k%x NS ns ns * *% * ns ns * * *% %kk% NS ns ns ns * ns ns * 0.6_ ns ns ns ns * ns ns % ns ns ns ns ns *% NS ns ns ns ns ns ns ns
[+H] [+}]
5 o 4- 5 0 4'
Q Q
w [7}]
0.24
0-0 L L} (& l] ! T 'I T
g > @ O L o S P @ ) d O &
06’\4 <°°d 9"‘& Go‘b o‘é & & o «0& by S iV A & & & & 4
& & < e 4§ c}\ P & & \@ > ¥ & -(@Q ad o o't‘ \‘o > ¢
00 o‘}\ o"}\ ’\°° (X °6 °€‘° o"}o \°d é“ °°\ » ¥ °Q‘\ °Qv R 4 o\\& S °é\ Q’é’ 4
¢ ¥ T HFTLEFTFTEE T E
PCEP N . S F & & ¥
b ® < & A () *
oy N K¢ 2 o
00\ \0 A 0\0 xS
K¢ & & &°






OPS/images/fcell-09-731790-g006.jpg
HCC

Normal

HCC

Normal

HCC

Normal

99ST100VdH Apoquuy

edSHAD

6€LLYOVH Apoquuy

cL'IVOYYd

8ZE1SOVIH Apoquuy

eLvDed

medium

high

medium

high

high

high

0109S0VdH Apoquuy

dXHH

1689Y0VdH Apoqnuy

IVAAND

low

high

medium

low

SY9LEOVIH Apoquuy

[SHdHS

8685709V Apoquuy

¢dO’'Id

TYYLTOVdH Apoquuy

¢SODNH

©
£
e
=z c I
g "
= Z
g S,
>
2 $
oS
O,
(%
% Y
.m * %
g x o Q\Ws
%
E X o
g o
E O
Z V‘o
4,
- * V)
S P
8 6@
: x 0
(@)
= ﬂW\VV.
0 eu,v
I I I I 1 0%
S © < o S &
- o o () o

I
-
o

A

Isuag [eandp abeiaay





OPS/images/fcell-09-731790-g007.jpg
CHOL
(num(T)=36; num(N)=9)

CHOL
(num(T)=36; num(N)=9)

HMGCS2

CHOL
(num(T)=36; num(N)=9)

CHOL
(num(T)=36; num(N)=9)

SEPHSI1

Fvalue = 0922 = ~ ]
L F value =4.58 n F value =2.07 - F value = 3.44
8- Pr(>F)=043 | ~ 4 Pr(>F) = 0.0037 Pr(>F) = 0.106 Pr{>F) =0.021 1 Pr(F) = 0.0171
3 | 2 J
L <o - -
2 i 4
v |
5 o
2 1 2 ]
R - @ 1 . - q
- - - - - - - - T - - - r - - - - - - -
Stage | Stage II Stage il Stage IV Stage | Stage Il Stage IIl Stage IV Stage Stage Il Stage IIl Stage IV Stage | Stage Il Stage [l Stage IV Stage | Stage Il Stage Ill Stage IV
o
2 F value = 6.36 F value =4 84 -
F value = 5.02
Fvalue=223 o Pr(>F) = 0.000334 Pr(>F)=0.0026 =
B © Pr(>F) = 0.00204
o e 7
&
7o .
« i
°
o o 4
w - o
T T T T T T T T T T T T T T T T
Stage | Stage Il Stage Ill Stage IV Stage | Stage Il Stage Il Stage IV Stage | Stage Il Stage Il Stage IV Stage | Stage Il Stage Il Stage IV
B Overall Survival Overall Survival Overall Survival Overall Survival ° Overall Survival
o ° = — Low GOT2 TPM
& — Low CYBER3 TPM = — Low GNPDA1 TPM —c
~— Fiigh CYB5R3 TPM ~— Figh GNPDAT TPM 7 Hﬂfgozm
Logrank p=0.00075 Logrank p=0.00071 g nigh}-162
o | n(high)=182 o n(high)=182 2 4
= ow)=182 o jow)=1 - n(low)=182
s T ® K] S
: £ £ fe £z
= = = L2 = S G=n
7 a 7] ] L
—— - - - =]
1= = = - = - 8 g -}
o o o o o
~N
o o S
o o
e |
o _| &l o (=3
o o o T T T T T
T 1 T T T T T Ll T T  § T T T T T E T 1 T T T T T
0 60 B0 100 120 0 60 80 100 120 0 20 40 & 80 100 120 0 60 B0 100 120 0 R B0 e R 00 e
Months Months Months Months Months
Overall Survival Qverall Survival Qverall Survival Qverall Survival
=E — Low HMGGCS2 2+ — Low PLOD2 TPM
~— High HMGCS2 ~—— High PLOD2 TPM
Logrank p=0.002 Logrank p=0.0004
o | n(high)=182 o | n(high)=182
° n(low)=182 S n{low)=162
I I w k=
2 . g ° %
g g o pd
= 5 © 3 ° =
w 7] o v
3 i b B
[ = = = c % =
8 83 A 8 3 8
[ 7] @ [
o o o o
o o
o o
(=3 e | o | o
o o o o
T T T L T T T T T i T T T 1 T T T 1 1 T T T T T
0o 60 0 120 [} 60 100 120 0o 20 60 100 120 [} 60 100 120
Months Months Months Months
c Disease Free Survival Disease Free Survival Disease Free Survival Disease Free Survival Disease Free Survival
o o (=} o
& — Low BIGAT3 TPM 2 — = —— Low GNPDA1 TPM = — Low GOT2 TPM
— Fligh B3GAT3 TPM hﬁ%vy%%%% — Hiigh GNPDA1 TPM — Hagh Goi2
Logrank p=0.0066 rank p=0. ogrank p=0.0062 Logrank p=0.022
o | n(high)=182 o | n(high)=182 o | n(high)=182 L
= n(low)=182 c n(low)=182 g nlow)=182 =
2 2 2 2 2
Z 2 : e g 2 - 2 & -
7 7 - 2 3
T E = T k=
- -
g3 8 g 3- 83 83
I & & @ o
o o o o |
=] o o =]
o | o | o o | o _|
o o o 7| o (=3
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
0 20 60 100 120 0 20 60 80 100 120 0 20 6 100 120 0 20 40 60 80 100 120 0 20 €0 80 100 120
Months Months Months Months Months
Disease Free Survival Disease Free Survival Disease Free Survival Disease Free Survival
= — Low HMGCS2 TPM 2 ] — Low PLOD2 TPM
—— High HMGCS2 TPM —— High PLOD2 TPM
L p=0.11 Logrank p=0.093
o | n(high)=182 o | nihigh)=182
° nflow)=182 ° n(low)=182 _
= = ] ©
3 3. E. £
g SE g 2
7 a* a© 2
b b & £
= c o c - 8
o o a a
o o
o o
o |
g 7 g 7 g 7 = T T T T T T
T T T T T T T T T T T T T T T T T T
0 20 60 0 120 0 20 60 100 120 0 20 60 100 120 0 20 40 60 80 100 120
D Months Months Months Months
Y © F— o © *— *
* > - * 2 i *—— —
o © > -
g l_ I_ N ]
. e —_——
o ! 4
W - < 7 0 : i :
k2 ' @ 3 ;
: 3 0 v
) w ] &k =
o ] alle T3} :' !
v 1
= | o _ : N
$e @ " '
b
0 | & t
{T2] e
<« > :
n | it
0 ~ el =
= -t < 7 H
w | !
) = A '
e ! o !
! o ' & ' '
2 b < 7 ~ ) '
— —r— ! H 0 = —_ i
) —— e
v | 2 3 _ -,'
3 1 ('s u" i | - :
© + '
i : K
© ot o | 5 — e e
2 ] © * o~ -
L]
T T T T T
CHOL CHOL CHOL CHOL CHOL
(num(T)=36; num(N)=9) (num(T)=36; num(N)=9) (num(T)=36: num(N)=9) (num(T)=36; num(N)=9) (num(T)=36; num(N)=9)
% — ~ - o —
~ .- N
. =T
% o
u : o ] —_—
o b 5
: 1
© - ' ]
~ : a
< : w o
© . o “
H 0= e
i © - s
@ “
~ H P e
:' L w
aly =
!
o w0 H
~ 7 H 10
' w il
= © < :
. e s
; : : :
wn {2 | - " (]
© H h | v i :
: ¥ ' o : e :
' e 5 ' ~ il
=2 | te
g - . - - ,
— '-‘\
. " — .- - ——
T T T © T






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Identification and Validation of a Nine-Gene Amino Acid Metabolism-Related Risk Signature in HCC



		INTRODUCTION



		MATERIALS AND METHODS



		Data Collection



		Screening Metabolism-Related Differentially Expressed Genes



		Building and Validating the Amino Acid Metabolism-Related Prognostic Signature



		Establishing Predictive Nomograms



		Functional Enrichment Analysis



		Cell Culture and Treatment



		Quantitative Real-Time PCR



		Western Blot Analyses



		Immunohistochemistry Analysis



		Statistical Analysis







		RESULTS



		Building a Nine-Gene Amino Acid Metabolism-Related Risk Signature



		Validating the Amino Acid Metabolism-Related Risk Signature



		Validating the Nine Genes in External Databases



		Creating Predictive Nomograms



		Functional Enrichment Analysis



		Validating the Nine Genes in Cells and Human Liver Tissues







		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
frontiers
in Cell and Developmental Biology

Identification and Validation of a
Nine-Gene Amino Acid
Metabolism-Related Risk
Signature in HCC







OPS/images/fcell-09-731790-t002.jpg
Gene symbol

B3GAT3

B4GALT2

CYB5R3

GNPDA1

GOT2

HEXB

HMGCS2

PLOD2
SEPHSH

Full name

Beta-1, 3-glucuronyltransferase 3

Beta-1, 4-galactosyltransferase 2

Cytochrome b5 reductase 3

Glucosamine-6-phosphate deaminase 1

Glutamic-oxaloacetic transaminase 2

Hexosaminidase subunit beta

3-hydroxy-3-methylglutaryl-CoA synthase 2

Procollagen-lysine
Selenophosphate synthetase 1

Function of the encoded protein

B3GATS is a glycosyltransferase that plays an important role in proteoglycan (PG)
biosynthesis

B4GALT2 is a beta-1, 4-galactosyltransferase (beta4GalT) and synthesizes
N-acetyllactosamine in glycolipids and glycoproteins

CYB5RS3 encodes cytochrome b5 reductase, functions in desaturation and elongation
of fatty acids, in cholesterol biosynthesis, and in drug metabolism

GNPDA1 links the hexosamine system with the glycolytic pathway and promotes the
catabolism of hexosamines derived from glycoproteins, glycolipids, and sialic acids into
phosphate sugars to provide energy sources

GOT plays a role in amino acid metabolism and the urea and tricarboxylic acid cycles

HEXB catalyzes the degradation of the ganglioside GM2, and other molecules
containing terminal N-acetyl hexosamines

HMGCS?2 is a mitochondrial enzyme that catalyzes the first reaction of ketogenesis, a
metabolic pathway that provides lipid-derived energy for various organs during times of
carbohydrate deprivation

PLOD?2 catalyzes the hydroxylation of lysyl residues in collagen-like peptides
SEPHS1 is an enzyme that synthesizes selenophosphate from selenide and ATP
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